Abstract Breast cancer cells exhibit complex karyotypic alterations causing deregulation of numerous genes. Some of these genes are probably causal for cancer formation and local growth whereas others are causal for the various steps of metastasis. In a fraction of tumors deregulation of the same genes might be caused by epigenetic modulations, point mutations or the influence of other genes. We have investigated the relation of gene expression and chromosomal position, using eight datasets including more than 1200 breast tumors, to identify chromosomal regions and candidate genes possibly causal for breast cancer metastasis. By use of ''Gene Set Enrichment Analysis'' we have ranked chromosomal regions according to their relation to metastasis. Overrepresentation analysis identified regions with increased expression for chromosome 1q41-42, 8q24, 12q14, 16q22, 16q24, 17q12-21.2, 17q21-23, 17q25, 20q11, and 20q13 among metastasizing tumors and reduced gene expression at 1p31-21, 8p22-21, and 14q24. By analysis of genes with extremely imbalanced expression in these regions we identified DIRAS3 at 1p31, PSD3, LPL, EPHX2 at 8p21-22, and FOS at 14q24 as candidate metastasis suppressor genes. Potential metastasis promoting genes includes RECQL4 at 8q24, PRMT7 at 16q22, GINS2 at 16q24, and AURKA at 20q13.
Introduction
Breast cancer is the most common cancer among women and the leading cause of cancer related death. Metastasis is the main cause of death of the disease. Metastasis is believed to progress in a multi-step fashion including mutations in several genes. Somatic mutations inactivating or amplifying genes in tumors are often large genomic gains or losses. These aberrations can be identified with laborious techniques like Southern blotting and comparative genome hybridization (CGH). By array based CGH, large-scale experiments may potentially be performed with high throughput. However, large dataset with clinical outcome are not yet available for breast cancer, in CGH-studies.
Gene expression profiling has been used for classification of cancer outcome in several studies [1] [2] [3] [4] [5] [6] [7] [8] [9] showing that the overall gene expression pattern in primary tumors is associated with clinical outcome. However, from these studies it has not been possible to pinpoint the causal gene expression changes. It is our hypothesis that some of the differentially expressed genes are causal for metastasis and that their changed expression level is due to somatic mutations whereas the changed expression of other genes is due to the direct or indirect influence of the causal genes. We expect that mutations causing metastasis are present in primary tumors and that they are not the characteristics of rare cells but of bulk of tumor. Furthermore, we anticipate that a fraction of the somatic mutations are large rearrangements, amplifications or deletions and that such regional allelic imbalance will influence not only the causal genes but most genes from this region. By analyzing the expression level over chromosomal regions our aim is to identify regions potentially harboring one or more genes with a causal effect on metastasis. For this analysis we have used two methods: gene set overrepresentation analysis of chromosomal regions and sliding mean analysis for validation and fine mapping. We expect some of the causal genes to be mutated by other mechanisms in some tumors. Our second aim is to identify such candidate causal genes by comparing the differential expression of individual genes in the identified regions.
We have investigated expression profiles along the chromosomes offering the possibility to observe combined effects of large somatic rearrangements, point mutations, epigenetic changes and gene regulation involved in metastasis. Chromosomal gains and losses are identified by summarizing effects from many genes of larger regions. Furthermore, single candidate genes causal for metastasis of the cancer cells harboring gains and losses are proposed because these genes display additional imbalanced transcription compared to surrounding genes indicating that expression of these genes are changes by several mechanisms.
Materials and methods

Datasets
Eight publicly available datasets were included in the analysis. These studies are performed with different platforms, different populations etc. as depicted in Table 1 . The outcome differs in that local and regional recurrences are included in some studies. However, non-metastatic relapse constitute a minority of clinical cohorts. There may be a small overlap in the samples in the different dataset, e.g., samples from Uppsala in Sotiriou 2006 and Uppsala datasets, but the total number of different tumor samples is at least 1200.
The normalizations performed in the studies were retained because the authors found these methods optimal for the datasets and because gene set enrichment analysis was performed separately in each dataset.
Gene set enrichment analysis GSEA v 2.0 [10] was used with positional gene sets delimited by cytobands downloaded from the Molecular Signature Database (MSigDb). The program ranks genes according to a signal to noise ratio defined as (l A -l B )/ (r A + r B ), where l is the mean and r the standard deviation for the two classes A and B (metastasis and non-metastasis). When several probes recognized the same gene, median expression values was calculated using the ''collapse to gene set'' function. Gene sets represented by less than 15 genes in a dataset were excluded except for the Sotiriou 2003 dataset where this threshold was set to 10 genes because of the low number of genes on that chip.
The output is an enrichment score, describing the imbalance of gene expression in each gene set between metastasizing and non-metastasizing tumors. The enrichment score is normalized according to size of the gene sets. Then, gene sets were ranked according to the normalized enrichment score with gene sets upregulated in metastasizing tumors at the top and downregulated gene sets at the bottom.
Gene set enrichment meta-analysis
The ranked lists of gene sets from the eight datasets were integrated and the initial number of 386 positional gene sets in MSigDb was reduced to 103 gene sets passing the threshold (10 or 15 genes) in all datasets. For each dataset each gene set was assigned a ranking value from 1 to 103. The mean ranking value was calculated across the datasets and finally the gene sets were ranked according to this value. The significance of obtaining a certain mean ranking value was estimated by simulating random drawing of eight ranking values 10 6 times and calculating the mean each time. This calculation of P-value and estimation of false discovery rate (FDR) was performed in R environment (http://cran.r-project.org/). Gene sets with FDR values below 0.01 were considered significant.
To examine transcriptional phenomena covering more than 1 cytoband, 79 neighboring regions, i.e., two chromosomal consecutive gene sets, were examined by simulating the drawing of 16 ranking numbers (this time from 1-79) and comparing the mean of these with observed values. The 16 drawings correspond to the observation of 2 gene sets in eight datasets. The P-values were calculated and adjusted by FDR similar to the above-described method. The ranking numbers in this analysis (1-79) differs from ranking numbers in the analysis of individual gene sets (1-103) because a limited number of intrachromosomal haplotypes of neighboring regions can be generated.
Refining regions and candidate genes
To narrow down regions with possible metastatic impact identified by the gene set enrichment meta-analysis, ratios of differential expression (RDE) where calculated for each gene as RDE = lm/ln where lm and ln are the mean expression values of samples with poor and good outcome respectively. Three of the datasets, HUMAC, Amsterdam and Sotiriou are in log scale and inverse logarithm was calculated before calculation of RDE values. RDE values where scaled to obtain more comparable values between the datasets. Scaling compensate for very different amplitudes in the datasets due to different background correction and normalization methods. This was done as described by Yang et al. [11] . In brief, RDE was calculated for all genes in a given dataset. In each dataset RDE's were scaled so that median deviation from 1 reached the geometric mean of these medians in all eight datasets.
Annotation files with exact chromosomal positions were downloaded for commercial chips. Spotted chips were annotated using Gene Bank accessions and annotation files provided by NCBI (http://www.ncbi.nlm.nih.gov). Datasets where integrated using Microsoft Access with gene symbol as identifier. To make the scaled RDE values more easily interpretable, sliding means where calculated over 100 rows in the integrated file and plotted against the gene number in chromosomal order. Because of several missing values in the integrated file, resulting from different feature numbers and gene symbol annotation on the chips, the sliding mean spanned from average 36 genes on the low density chip used by Sotiriou 2003 till average 73 genes on the high density Affymetrix chip sets used in the Uppsala and Stockholm datasets. Finally, the sliding mean curves were used to pinpoint core regions with concordant tendencies of differentially expression in the majority of datasets.
To identify candidate genes that might be causal for metastasis we selected genes with imbalanced expression (RDE) in addition to the general tendency in the region determined as the sliding means at this position. Average difference in RDE for a gene i over up to eight datasets was calculated as dRDE i = mean (RDE i -sm i ) where sm is sliding mean for gene i. P-values were calculated by Students t-test. The following criteria were used to select additionally regulated genes in core regions: |dRDE| [ 0.15 and P \ 0.05. The cut off value of |dRDE| corresponds to approximately 5 times mean observed RDE in core regions.
These P-values are based on up to eight observations, i.e., RDÉ s and sliding means for the eight datasets. To take advantage of the large number of tumors in each dataset, P-values were also calculated for each gene within each original dataset by Students t-test.
Results
Gene set enrichment analysis
Data from more than 1200 breast cancer patients were collected (Table 1) . Gene set enrichment analysis only identified few significant regions within each dataset (data not shown). However, by performing meta-analysis of gene sets ranked by normalized enrichment score, several gene sets turned out to have low ranking number in the majority of datasets indicating upregulation of gene sets in metastasizing tumors compared to non-metastasizing tumors. Similarly, gene sets with a high mean ranking value indicated low expression in metastasizing tumors compared to non-metastasizing tumors (Table 2) . Low false discovery rates indicated several of these gene sets to be significantly differentially expressed: 8q24, 16q24, 20q11, and 20q13, were significantly upregulated and 8p21 was significantly downregulated. Several consecutive cytogenetic regions had similar mean ranking values in this meta-analysis, e.g., 20q11 and 20q13 at the top of Table 2 indicating that a larger region of chromosome 20q is gained in metastasizing tumors. To address this question, pairs of neighboring regions were analyzed resulting in identification of further large regions significantly related to metastasis ( Table 3 ). Most of the gene set identified in the single gene set analysis were extended to significant neighboring regions except 8p21 that was not significant in the neighboring region analysis. On the other hand 1q32-42, 17q23-25, and 12q12-13 that were not significant in the single gene set analysis were significant in the neighboring region analysis. The borderline significant region 1p31 was extended to a large region at chromosome 1p (1p32-13) significantly downregulated in metastasizing tumors.
Refining differentially expressed regions and candidate genes
To narrow down the regions, sliding mean plots were generated for chromosome arms or entire chromosomes containing regions displaying differential expression in the above neighboring region and single gene set analysis. Core regions were refined and genes within these regions fulfilling predefined criteria for additional imbalanced expression were selected as candidate genes (Table 4) . P-values calculated within each dataset for these genes are shown in supplementary Table 1 .
The large downregulated region on chromosome 1p32-13 observed in Table 3 was sustained by minima of several datasets in that region in the sliding mean plot, and a core region at 1p31-21 was resolved (supplementary Fig. 1a) . One gene, DIRAS3, met the selection criteria as candidate metastasis suppressor gene (supplementary Fig. 1b) . Furthermore, TGFBR3 have recently been proposed as candidate gene on 1p [12] , supported by the present data, although not fulfilling candidate gene selection criteria (supplementary Fig. 1b) .
The next region, in chromosomal order, identified in the gene set enrichment meta-analysis is 1q32-42, that by sliding mean analysis can be refined to a core region of upregulated genes at 1q41-42 (supplementary Fig. 2 ) but no single gene met selection criteria for causal candidate genes.
Chromosome 8 exhibit up and downregulated regions in gene set enrichment meta-analysis summarized in one sliding mean plot for entire chromosome 8 (Fig. 1a) . A core minima-peak region of 8p22-21 was selected. In this region, three genes fulfill criteria for additionally downregulated: PSD3, LPL, and EPHX2 (Fig. 1b) . The upregulated region in the far distal end of the q arm diverges because the sliding mean is calculated with fewer genes for the last 50 genes (Fig. 1a) . However, the ratio plot points clearly at RECQL4 fulfilling metastasis candidate gene criteria (Fig. 1c) . This gene is upregulated in 6 of 7 datasets, with P-values below 0.05 in four of these datasets (supplementary Table 1 ).
At 12q a core region is not so obvious, but at 12q14 3-4 datasets shows a local maximum in a region surrounding a previously proposed candidate gene MDM2 (Supplementary Fig. 3 ). However, this gene is only slightly upregulated and does, like all other gene in the region, not fulfill selection criteria.
Decreased expression at 14q11-24 is observed in the neighboring region analysis (Table 3) but the core region can be limited to a part of 14q24 containing the additionally downregulated candidate gene FOS (supplementary Fig. 4 ). The ranking numbers indicate the ranking of each gene set out of the 103 gene sets in each dataset and the mean ranking number indicate the ranking in the meta-analysis. Only seven significant or borderline significant out of a total of 103 regions are shown 16q is consistently upregulated in the majority of datasets. Local maxima are observed at 16q22 and 16q24 containing additionally upregulated candidate genes PRMT7 and GINS2, respectively (supplementary Fig. 5 ).
17q23-25 display increased expression in gene set enrichment meta-analysis. Sliding mean plot of entire 17q identifies two core peaks within this region and in addition a peak at the ERBB2 locus (supplementary Fig. 6a) . However, no genes fulfill criteria for additional upregulation.
Two core peak regions are identified from the sliding mean plot of chromosome 20q: 20q11 and 20q13 and last mentioned region contains an additionally upregulated candidate gene AURKA (supplementary Fig. 7 ).
Discussion
Regions of differential expression
We have used meta-analysis of tumor gene expression data to identify several chromosomal regions associated with metastasis of breast cancer. The results indicate that regional copy number imbalance is linked with metastasis and is reflected in overall gene expression of the region, in agreement with our hypothesis. Many studies have compared allelic imbalance in tumor tissue compared to normal tissue. However, studies of the association of allelic imbalance to disease outcome are sparse as discussed in the following.
At chromosome 1, LOH at 1p31 has been associated with survival [13] supported by our findings of 1p31-21 downregulated in metastasizing breast tumors. At 1q an early LOH study found association to 1q21 [14] and CGH has been used to demonstrate prognostic disadvantage of simultaneously gain of 1q and 8q [15] . Our analysis point at the distal end of the chromosome 1q arm and refines the region to 1q41-42.
The previous evidence for prognostic association to 8p is weak: By use of LOH analysis, Morikawa et al., demonstrated borderline significance of 8p imbalance when 18p was retained [16] . However, in poor outcome tumors, our results demonstrate a very concordant downregulation of gene expression of the eight dataset, and the region is refined to 8p22-21 (Fig. 1a) . The prognostic disadvantage of having 8q amplification in breast cancer has previously been demonstrated by CGH analysis [17] and several focused analyses of the major candidate gene MYC, e.g., with FISH based tissue array have supported this [18] . Our analysis exhibit amplification of entire 8q, but the strongest signal is observed at the distal end of the chromosome arm (Fig. 1a) .
Amplification of 12q14-22 has been linked with poor outcome by CGH analysis [19] , in agreement with our results, and expression of the major candidate gene MDM2 has been linked with poor prognosis in many cancers other than breast cancer [20] . At 14q, loss of heterozygosity is observed in breast cancer [21] , and prognostic advantage of 14q31 loss has been reported in one study [22] . Contradictory to this, our results points at 14q24 and indicates poor prognosis when gene expression is decreased (supplementary Fig. 4a ). Loss of 16q is one of the most common observed copy number aberrations in breast cancer [23] and has previously been associated with good prognosis in three studies using LOH [24] , gene expression profiling [25] , or aCGH [26] .
The ERBB2 locus at 17q is not significant in the gene set enrichment meta-analysis. The reason for this is probably 
Sliding mean of RDE r e b m u n e n e G that the amplicon is of limited size and is shared between 17q12 and 17q21 gene sets. However, ERBB2 amplification is clear in the sliding mean analysis (supplementary Fig. 6a ). The 17q23-q25 neighboring region can be divided into two regions, 17q21-23 and 17q25, by sliding mean analysis. The 17q21-23 region coincides with a core amplicon identified in breast tumors compared to normal tissue [27] . 20q13 amplification has been associated with poor prognosis [28] and has been validated in several studies [29] while 20q11 gain has not previously been reported to have prognostic meaning independent of 20q13.
In summary our approach supports several previous findings. Several of the regions have been found in only one or few studies and in general a limited number of patients have been included. This study serves as an independent validation with an independent method of these findings using a large patient group. To our knowledge this is the first report of prognostic significance of expression imbalance at 1q41-42, 14q24 and 17q21. .
A strength of our analysis is that regions can be subdivided into separate sub regions. 16q is split into 16q22 and 16q24 with a local minimum in-between (supplementary Fig. 5) . Similarly, 17q is subdivided into three regions where amplification associates with metastasis: 17q12-21 (ERBB2 locus), 17q22, and 17q25. Amplification of 20q is also comprised of two peaks located at 20q11 and 20q13 respectively (supplementary Fig. 7a ).
Only one previous study performed by Wennmalm et al. has used genome-wide gene expression data to identify positional effects in metastasis of breast cancer [25] . The major finding in that study is negative association of 16q expression and survival. Furthermore, they found negative association of 20q and positive association of 1p and 8p22-p21 and survival, respectively, all in agreement with our findings. However, they also identified positive association of 13q, 9p, 9q22 and survival, not observed in our results. On the other hand we have observed association of allelic imbalance at 8q24, 12q14-15, 14q24, 17q12-21.2, and 17q21.33-23 not identified in their analysis. This may seem peculiarly because both studies use analysis of expression of gene sets limited by cytogenetic band positions and the data they used is also included in our metaanalysis. However, the analysis differs fundamentally because they only included 200-500 genes most differentially expressed between outcome groups and used Fishers exact test to calculate significance of overrepresentation in the gene sets. We used gene set enrichment analysis and included all genes to rank the gene sets according to prognostic significance. However, not all gene sets were included in the analysis because the number of genes in small cytogenetic regions was not sufficient in all dataset to perform the analysis which may explain the absence of regions identified by others. Another main difference from the study by Wenmalm et al. is that we performed a metaanalysis enabling us to perform sliding mean analysis to narrow down regions of differential expression with concordance in the eight datasets included.
The inclusion of different outcome, i.e., metastasis and local recurrence in our study may potentially bias the results; however, local recurrence constitute a minor fractions of recurrences compared to distant metastasis. Furthermore, the classification of lymph node positive patients without recurrence as non-metastasis may be controversial. This may bias the results towards the metastatic mechanisms following primary spread to lymph node. Treatment response may also influence-identified regions, however majority of patients did not receive adjuvant treatment and the fraction of patients responding to treatment is low.
A different pattern of differential expression of HU-MAC dataset is observed compared to the other dataset, i.e., ranking numbers in Tables 2 and 3 that differs from the general pattern in the other dataset. The tumors included in the HUMAC dataset are all node negative, estrogen receptor positive, and low malignant and the results might indicate that different mutational patterns characterize these tumors. Further molecular characterization of lowmalignant cancers is required to verify this.
Candidate genes
The sliding mean analysis is used to narrow down core regions of differential expression with concordance in the eight datasets included. Furthermore, inspection of differential expression ratios for single genes in identified core regions with predefined selection criteria has allowed identification of single genes that may be causal genes in metastasis. These genes having expressional imbalance, in addition to a general change in the region may be explained by mutations in the genes, epigenetic changes like promoter methylation, gene regulation mediated by metastatic pathways etc. In the following these candidate genes are discussed in more detail.
In core region 1p31-21, DIRAS3 is additionally downregulated. DIRAS3 is member of the RAS super family of protooncogenes and negatively regulates the transcription of cyclin D1 a central regulator of cell cycle. DIRAS3 is often imprinted and LOH in breast and ovarian tumors most often affect the non-imprinted allele [30] . Furthermore, methylation of the DIRAS3 promoter has been demonstrated to predict poor survival in breast cancer [31] . This illustrates that different mechanisms, in this case allelic loss and methylation, can deactivate the same gene and support the viability of our method to detect these genes. The finding of 2 consecutive obvious downregulated genes, GADD45A and GNG12, right beside DIRAS3 in the 1p core region, although not fulfilling our criteria, may indicate a micro segmental deletion within a larger region often lost in breast tumors. However, the promoter of Growth Arrest-and DNA Damage-inducible gene GADD45A is often methylated in breast cancer [32] . Another potential metastasis suppressor gene, TGFBR3, at 1p is proposed by Dong et al. [12] who recently linked decreased expression of this gene with poor prognosis. This is supported by lowered expression of TGFBR3 in 6 of 8 datasets (supplementary Fig. 1b) , although the gene does not fulfill criteria for additional regulation. Noteworthy, TGFB3, the ligand for TGFBR3 at 14q core region is also borderline additionally downregulated (supplementary Fig. 4b) .
Although a very clear peak is observed in the sliding mean plot for 1q, no genes fulfill criteria for additional upregulation in this region (supplementary Fig. 2b) . The reason for this can be that the causal gene amplified in this region is not regulated by other mechanisms, hence no additional effect is observed at gene expression level.
The gene set defined by cytoband 8p21 appears significantly downregulated in the GSEA meta-analysis of single regions but not in the neighboring region analysis indicating limited size of this segment which is supported by the sliding mean plot (Fig. 1a) . Three additionally regulated genes PSD3, LPL and EPHX2 are identified in the region (Fig. 1b) . In agreement with our results, low expression of ADP-ribosylation factor PSD3 has previously been linked with poor prognosis in ovarian carcinomas [33] . Interestingly elevated expression of LPL is a marker of poor prognosis in chronic lymphocytic leukemia conflicting with the present result for breasts cancer [34] . EPHX2 is a cytosolic epoxide hydrolase that has not been linked to cancer but its diverse functions in metabolism of possible carcinogens might prevent progression and metastasis (Table 4) . Strikingly germline mutations in both LPL and EPHX2 are involved in familial hypercholesterolemia in agreement with pathway analysis of present datasets demonstrating downregulation of lipid metabolism in metastasizing tumors (results will be published separately). The abundance of candidate genes at 8p may indicate that several genes affect metastasis.
At 8q, MYC is a major candidate gene amplified in several cancers [17] . This is supported by general trend of upregulation at 8q22-24 (Fig. 1a) . However, the present data point towards the distal end of the chromosome. At this locus the helicase RECQL4 gene is additionally upregulated (Fig. 1c) . This gene is mutated in RothmundThompson syndrome, a rare hereditary dermatosis with high incidence of osteogenic sarcoma. Furthermore, the highly conserved helicase gene family members WRN and BLM predispose for Werner and Bloom syndromes characterized by high incidence of sarcomas and multiple cancers respectively. RECQL4 has been reported to be amplified and overexpressed in colorectal, and cervical cancer [35, 36] , but the prognostic significance has not been reported.
Amplification of the MDM2 locus at 12q has been associated with poor prognosis in several cancers [20] . In breast cancer expression of MDM2 at protein level is related to survival [37] . Our results clearly demonstrate a relation between amplification of 12q and poor prognosis in breast cancer although no genes fulfill criteria for additional regulation.
At 14q the additionally downregulated transcription factor FOS is member of a family of oncogenes that together with JUN constitutes transcription factor AP-1 and regulates the prominent cell cycle regulators cyclin D1 and Rb (reviewed by [38] . In agreement with present finding, FOS transcription is strongly downregulated in breast cancer cell lines with metastatic potential compared to nonmetastatic cells, while another gene family member FRA-1 is upregulated in metastasizing cells [39] .
CDH1 at 16q22 has been reported as the major candidate gene and is often methylated [40] but do not fulfill our selection criteria. However, PRMT7 coding for an arginine methyltransferase, with unknown relation to cancer prognosis, is additionally upregulated (supplementary Fig. 5b) . The additionally upregulated candidate gene at 16q24, GINS2, is essential for initiation of for replication of DNA [41] making it a relevant metastasis candidate gene.
No genes at 17q12-21, 17q21-23, and 17q25 are meeting our criteria for additionally upregulation. At 20q the sliding mean plot identifies two regions 20q11 and 20q13 upregulated in metastasizing breast tumors (supplementary Fig. 7a) . No additionally regulated genes are identified at 20q11. 20q13 is intensively studied and previously proposed prognostic candidate genes includes NCOA3, ZNF217, and AURKA [28, 42] supported by concordant upregulation of these genes in majority of datasets (supplementary Fig. 7c ) and AURKA meets our selection criteria for additionally upregulation. AURKA is a cell cycle-regulated kinase that appears to be involved in microtubule formation and stabilization at the spindle pole during chromosome segregation. Overexpression of AU-RKA has been associated with poor prognosis in ovary and several other cancers [43] and is correlated to nuclear grade in breast carcinomas [44] .
In summary several candidate genes are identified as possible cause of metastasis in regions with copy number aberrations in metastasizing tumors. The main function of the identified genes is cell cycle and secondly DNA replication and repair (DIRAS3, FOS, GINS2, AURKA, and RECQL4, Table 4 ) in agreement with several reports of these as major metastatic pathways [45] . Some regions with differential expression do not contain obvious candidate genes despite significant general tendencies in the region (1q41-42 and 12q14-21, 17q12-21 17q21-23,  17q25, and 20q11 ). This may be explained by no additional mechanisms of regulation of causal genes. Strikingly, the clinically used prognostic marker, ERBB2 at 17q12-21 is not obviously upregulated compared to near surrounding genes. However, this is supported by lacking reports of alternative regulatory mechanisms and considerable number of neighboring transcript often amplified [46] making distinct regulation of this gene compared to surrounding genes unlikely.
On the other hand, 8p22-21 regions display three additionally expressed genes, making it difficult to suggest the causal gene. The reason may be that several of these genes affect metastasis and concordant loss promotes metastasis. Alternatively some of the genes with additional differential expression may be secondary targets for other primary events.
Most studies of allelic imbalance and candidate genes have compared cancer tissue and normal tissue. These tumor suppressor genes and oncogenes lost or gained resulting in selection advantage during tumorigenesis may not necessarily be the same genes causal for metastasis. An example is 16q where loss leads to good prognosis. This may be explained by one tumor suppressor gene lost in tumorigenesis and at the same time a metastasis-promoting gene is lost resulting in good prognosis [24] . In some cases there are concordance between tumorigenic genes and metastasis promoting genes, e.g., RECQL4 and AURKA amplified in several cancers, compared to normal tissue and related to metastasis according to our results.
